Introduction

44
Predicting the spatio-temporal variability of hydrological processes 45 requires models that operate at different scales: evapotranspiration and 46 infiltration at paddock-scale, run-off and drainage at catchment-scale, 47 and atmospheric circulation at meso-scale. Due to the complexity of 48 interacting processes (Chehbouni et al., 2008) , the reliability of model 49 predictions is intimately related to the ability to represent dominant 50 processes in space and time using observations. Remote sensing has 51 shown promise for this application due to its multi-resolution and 52 multi-spectral capabilities (Choudhury, 1994) .
53
Among the variables observable from space, soil moisture is one of 54 the most crucial parameters that control hydrometeorological processes 55 from paddock-to meso-scale. However, current and near-future space-56 borne soil moisture products have a spatial resolution of several tens of 57 kilometers (Crow et al., 2005 ) -about~40 km resolution for the 58 forthcoming Soil Moisture and Ocean Salinity (SMOS, Kerr et al., 2001) 59 mission-, which make their application to hydrological and agricultural 60 models challenging.
61
Downscaling methodologies are therefore needed to improve the 62 spatial resolution of passive microwave-derived soil moisture. To 63 understand how soil moisture scales, the spatial structure of soil 64 moisture fields has been statistically described using experimental 65 data sets aggregated at a range of resolutions. Those studies (e.g.
66
Rodriguez- Iturbe et al., 1995; Das & Mohanty, 2008) conducted over 67 different sites and using either remotely sensed or ground-based data,
68
conclude that soil moisture behaves as a fractal -i.e. follows a power 69 law decay-over a wide range of scales. Moreover, there is a general 70 agreement that the fractal behaviour of soil moisture is not simple 71 over extended scale ranges, and changes in time (Kim & Barros, 72 2002b; Dubayah et al., 1997; Western et al., 2002) . In particular, the 73 recent study of Das and Mohanty (2008) suggests a transition from 74 simple fractal (in wet fields) to multi-fractal (in dry fields) behaviour 75 during a dry-down period. In practice, the multi-fractal framework 76 seems an appropriate basis for downscaling soil moisture fields in 77 areas where ancillary data (e.g. topography, soil properties, vegeta-78 tion, rainfall) are available at high resolution (Kim & Barros, 2002a) .
79
One drawback with statistical approaches is that they require a 
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86 brightness temperature fields prior to soil moisture retrieval.
87
Similarly, Merlin et al. (2008a) (Bindlish & Barros, 2002; Merlin et al., 2008a) over the 92 purely empirical ones based on log-log plots (e.g. Kim & Barros, 93 2002a) is that some physical considerations are used to build a 94 relationship between soil moisture and an ancillary observable; radar 95 backscatter in Bindlish and Barros (2002) and soil evaporative 96 efficiency in Merlin et al. (2008a) .
97
In Merlin et al. (2008a) , the disaggregation scale was fixed to 10 98 times the spatial resolution of MODIS thermal data to reduce the 99 random uncertainties in disaggregated soil moisture. The authors 100 observed that the sub-pixel variability of disaggregated soil moisture 101 was significantly correlated with the observed fine-scale soil moisture 102 variability, suggesting that the downscaling algorithm could be 103 applied to spatial resolutions finer than 10 km. Nevertheless, that 104 study did not apply the downscaling approach at multiple resolutions.
105
As a follow-up of Merlin et al. (2008a) 
The rationale is that only the spatial variability of surface temperature
207
(about the mean) is used by the thermal-based disaggregation 208 algorithm of Merlin et al. (2008a 
316 317 with RMSE n,n being the root mean square error evaluated at the 318 (n km) disaggregation resolution between disaggregated and PLMR-319 derived soil moisture, and -SD n;1 the mean standard deviation of 1 km 320 resolution PLMR-derived soil moisture computed within each n 2 km 2 321 pixel. The n km resolution error is computed as
322 323 with N being the number of 1 km resolution pixels within the 40 km 324 by 60 km study area. The mean sub-pixel variability is computed as
327 328 329
The second criterion denoted C2 is the condition that the error 330 evaluated at the native resolution (n = 1) is minimum. In other words,
331
C2 is satisfied when the downscaling resolution makes the disag-332 gregation output the most accurate with respect to the reference soil 333 moisture data obtained at the thermal sensor native resolution. C2 can 334 be formulated as
335 336 with RMSE n,1 being the root mean square error evaluated at 1 km 337 resolution between the n km resolution disaggregated and 1 km 338 resolution PLMR-derived soil moisture.
339
The criteria C1 and C2 can be applied to the three farms Y2, Y9 and
340
Y12 by replacing in Eqs. (8) 
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397 data set (shown on Fig. 3 by the standard deviation σ). One limitation 398 of the criterion C2 is that it includes both the uncertainty in the 399 disaggregation output and the uncertainty in PLMR-derived soil 400 moisture at the observation scale, so that the RMSE n,1 can never be 401 lower than the measurement error at the native resolution.
402
In summary, the application of criteria C1 and C2 to MODIS/PLMR 403 data demonstrates that the optimal downscaling resolution in terms Estimating an optimal downscaling resolution by comparing the root mean square error (RMSE) and the sub-pixel soil moisture variability at the disaggregation scale. The mean (thick line) RMSE is equal to the mean sub-pixel variability at about 4 km for both MODIS/Aqua and MODIS/Terra. The other lines represent the different dates. Fig. 3 . Root mean square error (RMSE) evaluated at 1 km resolution for downscaling resolutions increasing from 1 to 12 km. Although the standard deviation (σ) between dates is high, the RMSE is minimum at 5 km for both MODIS aboard Aqua and MODIS aboard Terra. was not expected to improve the accuracy of soil moisture at fine scale.
465
Third, it was seen in the case of MODIS/PLMR that criterion C2 was not 466 very stable from date to date, so no clear result can be expected from 467 only one date with ASTER/HDAS.
468
In summary, the application of criteria C1 and C2 to ASTER/HDAS 469 data suggests that the optimal downscaling resolution in terms of 470 disaggregation accuracy (using the NAFE'06 data set) is about 4 to 5 471 times the thermal sensor resolution. Criterion C1 is again found to be 472 better defined than C2. 
Sequential disaggregation
474
The general approach of the sequential disaggregation using multi- The sequential model is written as
with S i being the sensor of index i. In our case, S 0 , S 1 and S 2 486 corresponds to SMOS, MODIS and ASTER respectively. By using this 487 notation, Eqs. (2) and (3) become
with
490 491
From the above equations, one is able to identify the parameters that 492 do not vary with scale. In particular, the minimum soil temperature Fig. 6 . Schematic diagram presenting the sequential disaggregation of SMOS-scale soil moisture using MODIS and ASTER data. 
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493 T min and the soil property SM C are assumed to be scale-invariant. An 494 important point is that these assumptions might not be valid in the 495 case of heterogeneous soil within the SMOS-scale pixel. In particular, 496 Merlin et al. (2008a) demonstrated that estimating SM C at high 497 resolution improved significantly the disaggregation accuracy. How-498 ever, the scale-invariance of SM C was not tested in this paper since 499 only one ASTER image was available whereas a time series would be 500 required (Merlin et al., 2008a) . Eq. (14) was finally applied to each data set. propagations would be to choose a coarser target resolution. In 
